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Drinking water is an increasingly important mediator of children’s blood lead levels (BLL) in the 
United States; however, few studies have focused on childhood lead exposures arising from 
private well water specifically. This research estimated select health and economic benefits of 
connecting private well households to regulated community water systems. A population 
intervention model was used to predict the change in children’s BLLs associated with the 
intervention for a cohort of Wake County, North Carolina children (n=11,010). We also 
estimated downstream benefits, including avoided IQ loss and avoided lifetime earnings loss. 
BLLs were predicted to decrease by 16.5% under the intervention. Depending on the dose-
response relationship used, this intervention could preserve an estimated 330 to 1430 IQ points 
within the cohort, corresponding to a per-child benefit ranging from $700 to $3100. We identified 
the selection of dose-response relationship as a source of uncertainty in estimating population 
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1.1. Overview of lead exposures and toxicology 
Lead (Pb) is a well-established toxicant with no useful biologic function in humans1,2. The soft, 
malleable metal has anti-corrosive and low-conductivity properties1,2. These physiochemical 
properties have facilitated its widespread use—both currently and historically—in industry, 
manufacturing, batteries, electronics, gasoline, glass, ceramics, folk medicine, and paint1,2. 
Given this extensive usage, Pb is a ubiquitous environmental contaminant; all humans have 
some level of internal Pb-burden2. Human exposures primarily occur through inhalation and 
ingestion pathways, while dermal exposures are typically negligible2. Common exposure 
scenarios include occupational exposures (or familial-occupational exposures), ingestion of Pb-
contaminated dust, soil, food, or water, or exposure to Pb-contaminated consumer products.   
Pb absorption, deposition, metabolism, and excretion (ADME) processes are primarily governed 
by the specific exposure pathway, the health-status of the individual, and the age of the 
individual2. Pb rapidly enters the bloodstream following inhalation or ingestion—approximately 
99% of absorbed Pb binds to red blood cells, while 1% remains in the plasma1. Distribution 
throughout the body includes soft tissues (e.g. kidney, liver, muscle, brain) perfused by the Pb-
bearing blood and bone, in which Pb gradually replaces calcium ions (Ca2+) in the 
hydroxyapatite mineral2. Importantly, Pb can cross the blood-brain barrier and the placenta. An 
individual’s internal Pb-burden is typically dominated by Pb stored in bone. Bone serves as a 
critical Pb reservoir and mediator of pharmacokinetic processes; once the perfused soft tissues 
reach equilibrium with the blood-Pb concentration, the blood-Pb concentration is then controlled 
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by ADME processes to and from the bone reservoir2. Bone typically constitutes more than 90% 
of an adult’s total Pb body burden and more than 70% of a child’s body burden3.  
Elimination of Pb is governed by a multi-compartment model, with a half-life of one to two 
months in soft tissues and a half-life of years to decades in bone1—this is generally thought of 
as a ‘fast turnover pool’ and a ‘slow turnover pool,’ respectively. Seventy percent of excreted Pb 
is via urinary elimination, while bile (feces), skin, hair, nails, sweat, and breast milk comprise 
important secondary elimination pathways1. Biomarkers of recent Pb exposure typically consist 
of whole blood sampling, which reflects Pb burdens in soft tissues1.  Longer term biomarkers of 
exposure involve x-ray-fluorescence-based measurements of Pb in bone1,2. The correlation 
between blood-Pb and bone-Pb is typically poor due to the different exposure timeframes 
captured by these biomarkers. Blood-Pb (or blood lead level; BLL) is the most common 
biomarker of exposure.  
Health effects associated with Pb are multisystemic and can involve every organ system3; major 
endpoints broadly include neurological, neurobehavioral, cardiovascular, renal, and reproductive 
outcomes in both adults and children4–9. Pb can disrupt numerous metabolic and cellular 
processing pathways, likely contributing to the diverse set of adverse health impacts associated 
with Pb-exposure. Pb has been shown to alter calcium homeostasis throughout the body, 
disrupt normal protein functioning through the displacement of metal enzymatic cofactors, 
create oxidative stress, and induce mitochondrial disfunction2. These changes can be 
associated with cellular toxicity and apoptosis, disfunction of cell signaling, disfunction of ion 
transport, disfunction of neurotransmitter storage and release, disruption of enzymatic function 
and protein expression, and disruption of energy metabolism2. Pb-induced disruption of Ca2+ 
homeostasis has been observed in several distinct cell types, suggesting this pathway is a 
critical mediator of downstream, multisystemic health effects—including facilitating Pb passage 
through the blood-brain barrier2.  
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Children and pregnant women are considered particularly vulnerable populations with respect to 
Pb exposures10. Pb, even at low levels, is considered a causal risk factor for numerous adverse 
outcomes related to childhood development and behavior, including inhibited cognitive function, 
lower intelligence quotients (IQ), and higher rates of attention deficit disorders, depression and 
anxiety, antisocial behavior, and juvenile delinquency1–3,5,6,11–14. The reasons for childhood Pb-
susceptibility are manifold. First, children’s ADME processes differ markedly from adults’, 
particularly with respect to gastrointestinal absorption; adults typically absorb 10-15% of 
ingested Pb whereas children absorb 40-50% of ingested Pb1,2, resulting in much higher internal 
burdens in children. Second, early childhood is a period of rapid and critical neurodevelopment 
that is already vulnerable to disruption; however the blood-brain barrier remains immature, 
causing the neurologic system to be particularly susceptible to damage3. Third, children are 
more prone to hand-to-mouth activities that can increase the ingestion of Pb-contaminated dust 
or paint and exposure to Pb-bearing toys3.   
A robust body of literature linking adverse health effects to Pb has moved the Centers for 
Disease Control and Prevention (CDC) to steadily lower the definition of what constitutes an 
‘elevated BLL,’ from the initial level of 60μg/dL in the 1960s15 to the current level of 5μg/dL, 
revised in 2012. The CDC’s definition for elevated BLL is not a health-based standard—the 
CDC’s current thresholds are linked to the 97.5th-percentile childhood BLL, a reference value 
determined by the National Health and Nutritional Examination Survey (NHANES)16,17. The 
National Toxicology Program has concluded there is “sufficient” evidence of adverse health 
effects associated with BLLs of <5μg/dL—that is, there is “an association…between the 
exposure [BLL <5μg/dL] and health outcomes in studies in which chance, bias, and confounding 
could be ruled out with reasonable confidence.”7 There is, in fact, no observed ‘safe’ threshold 
for Pb exposure3,11. The Agency for Toxic Substances and Disease Registry (ATSDR) has 
stated even “the lowest BLLs are associated with serious adverse effects (e.g. declining 
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cognitive function in children)”3. Although acute Pb-poisoning (>45μg/dL) can be treated through 
chelation therapy, there are no therapeutic interventions for low BLLs, and adverse health 
effects are irreversible. Thus, primary prevention of any Pb-exposure is critical, particularly 
during childhood.  
1.2. Characteristics of childhood blood lead levels in the United States  
Childhood BLLs generally follow a lognormal distribution in the general population. Geometric 
mean (GM) BLLs rapidly decreased in the United States following several milestone regulatory 
interventions that addressed numerous exposure pathways, including the ban on lead paint in 
1978, the ban on lead plumbing in 1986, the Lead Contamination Control Act of 1988, the Lead 
and Copper Rule (LCR) of 1991, and the ban on lead solder in food cans in 199511. The GM 
childhood BLL decreased precipitously following the phaseout of lead from gasoline, from 
>15μg/dL in in the mid-to-late 1970s to <5μg/dL by the late 1980s. More recently, national 
trends have seen a sustained and statistically significant decrease of GM BLLs, from 1.7μg/dL 
in the early 2000s to 0.8μg/dL in 201418. 
Sociodemographic and housing characteristics are risk factors for elevated BLLs19,20; 
consequently, BLLs exhibit marked disparities among children in the United States and present 
serious implications for environmental justice. Despite the substantial progress in decreasing 
BLLs over the past forty years, low-income children, non-Hispanic Black children, and children 
living in older homes remain at higher risk for elevated BLLs19–21.  
1.3. Lead exposures from drinking water and private wells  
As regulations have successfully reduced exposures to airborne Pb and Pb-bearing products, 
drinking water has assumed an increasingly important role in mediating BLLs. Drinking water 
constitutes a significant proportion of an individual’s total Pb exposure, ranging from 
approximately 20% in adults to 40-60% in formula-fed infants22. Pb exposures from drinking 
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water have received more examination in recent years, particularly in light of events such as the 
crisis in Flint, Michigan18,23,24.  
Corrosion of water distribution service lines (i.e. lead service lines) and household plumbing 
components (e.g. brass faucets, lead solder) constitute the most common sources of Pb in 
drinking water in the United States3,25–27. Pb-bearing plumbing or service lines are typically more 
common in older homes28. Corrosion potential is largely governed by water chemistry (e.g. pH, 
alkalinity, mineral content, temperature etc.) and the amount of Pb in contact with the water (e.g. 
Pb content, Pb-bearing surface area, duration of contact, protective scaling, etc.)29. Federal, 
state, and local governments have taken steps to minimize Pb-exposures from drinking water. 
Of these, the Safe Drinking Water Act (SDWA) and the LCR promulgated under the SDWA 
have been among the most significant. The SDWA regulates the maximum allowable Pb 
content in plumbing and solder, while the LCR mandates corrosion control30,31.  
Under the LCR, community water systems must control for corrosion potential and must take 
further action to control for Pb if more than 10% of the system’s point of use (POU; e.g. 
customer’s tap water) samples exceed the action level of 15 parts per billion (ppb). These 
regulatory protections—corrosion control, regular testing, and corrective action—only cover 
community water systems serving more than 25 households. Households relying on private 
wells are therefore solely responsible for testing, treating, and maintaining their water supplies. 
This lack of regulatory protection may put a significant proportion of private well users—an 
estimated 42 million Americans32—at  increased risk for corrosive water and lead exposures. 
Private well households typically do not have the robust Pb-monitoring programs or corrosion-
control systems that are mandated for community water systems33. In fact, few private well 
households regularly test their water34–38. This suggests these households may not fully 
understand their water chemistry (i.e. corrosion potential) and would not know if they have Pb in 
their drinking water, as Pb contamination cannot be tasted, smelled, or seen.  Private wells may 
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also present additional opportunities for the presence of Pb-bearing components, such as 
submersible pumps, well casing, drop pipes, and pressure tanks39,40.  
Indeed, a prior study of over 2,000 private wells throughout Virginia found 19% exceeded the 
United States Environmental Protection Agency’s (USEPA) regulatory action level of 15 ppb and 
a Pennsylvania study found 12% of tested private wells exceeded the action level33,41. A study 
of private wells in Wake County, North Carolina (NC) found elevated water-Pb prevalence 
comparable to the Flint water crisis26. In comparison, <4% of community water systems have 
exceeded the action level since 200042. Although the 15 ppb action level is a current regulatory 
benchmark for community water systems and is used as a comparison level to evaluate private 
wells, it is not a health-based standard. Health-based standards generally represent the 
concentration at which no adverse effects would be expected. Even below the regulatory action 
level, private well households appear to be at greater risk for lead exposure. USEPA has set a 
non-enforceable, health-based goal (i.e. maximum contaminant level goal) of 0 ppb in drinking 
water and the American Academy of Pediatrics has recommended children’s drinking water 
levels should not exceed 1 ppb11,43. Prior research conducted by Stillo et al. in 2016 found Wake 
County, NC private wells had an average water-Pb concentration of 8.2 ppb, compared to 2.8 
ppb in community water system POU samples from Tier 1 households—Tier 1 households are 
identified as having the highest risk of Pb exposure in a community water system26. Therefore, 
at health-relevant concentrations, the average private well household still had three-times 
greater water-Pb levels than the average highest risk household on regulated community water 
supplies. Thus, connecting private well households to regulated community water supplies may 
be an intervention to minimize Pb exposures associated with drinking water.  
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1.4. Lead and children’s cognitive function: health and economic implications 
Extending community water infrastructure is a potential intervention that can provide consistent 
access to regulated water to support the public health of communities currently relying on 
regulated private wells; however, capital improvements projects, such as water line extensions, 
are costly. Unfortunately, restricted municipal budgets mean resource allocation decisions must 
be made by local decision-makers. Cost-benefit analyses (CBA) are one tool used by decision-
makers to evaluate the favorability of a proposed project; typically, the benefits should outweigh 
the costs of a policy/intervention such that there are positive net benefits. In CBA, both costs 
and benefits are reported in monetary terms and net benefits can be readily compared across 
proposed projects or interventions. Wake County, NC provides an excellent case study for 
evaluating potential benefits of connecting private well households to community water supplies, 
given that extensive research has been conducted on various public health considerations of 
private wells within Wake County36,44–48. A largely unexplored benefit of connecting unregulated 
private well households to community water supplies is lower water-Pb concentrations, 
subsequently lower BLLs of current or future children living in private well households, and 
downstream health and economic benefits associated with lower BLLs.  
Although there is strong evidence for numerous adverse neurological and neurobehavioral 
effects associated with childhood Pb exposures, the relationship between BLL and cognitive 
function is among the best-established of the aforementioned health outcomes3,7. This 
relationship has been consistently observed at various BLLs and among prospective cohorts, 
retrospective cohorts, and cross-sectional studies3,5,6,14,49–51. IQ is an indicator for cognitive 
function and, despite critiques52,53, it remains a commonly used measurement tool in research 
and healthcare settings54–56. Lanphear et al. conducted a landmark study investigating the 
relationship between IQ and BLLs with pooled data from seven prospective cohort studies. 
Lanphear’s BLL-IQ dose-response relationship has been used in both health impact studies and 
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economic evaluations26,57. Lanphear et al., in addition to several other studies58,59 , suggest a 
clear supralinear relationship with the greatest change in 
IQ occurring at the lowest BLLs; however, most dose-
response studies have not specifically investigated the 
effects of BLLs <1μg/dL—a clear data gap given the 
rapid progress made in reducing childhood BLLs and 
the lack of an apparent threshold value. A benchmark 
dose (BMD) is an alternative perspective when there is 
no established threshold59,60. A BMD is the dose at 
which a defined health effect (a benchmark dose 
response; BMDR) occurs. A BMD study by Budtz-
Jørgensen et al. tested numerous dose-response 
functions to estimate the internal dose (i.e. BLL) 
associated with a BMDR of 1 IQ point loss. The authors’ 
models were typically associated with a 1 IQ point loss 
occurring at BLLs ranging from 0.1 to 1.0 μg/dL—that is, 
a 1 IQ point loss could be associated with even the very 
lowest BLLs. This reaffirms the consensus that there is 
no safe BLL. Avoiding IQ loss associated with Pb 
exposures has population benefits61,62, although to our 
knowledge, quantifying the benefits associated with 
specific interventions to prevent low level exposures is a 
largely unexplored area; these benefits should be quantified to aid decision-making and 
facilitate future CBAs related to private well communities and infrastructure decisions. Non-fatal 
endpoints, such as IQ loss, typically do not have readily available willingness-to-pay (WTP) data 
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polychlorinated biphenyl exposure found a parental stated preference WTP of approximately 
$585 per IQ point ($2017), while a separate study found a parental stated preference of 
approximately $2930 per IQ point ($2017). A human capital approach is an alternative method 
of estimating benefits when WTP data are scarce or otherwise not appropriate. A human capital 
approach estimates the loss in lifetime economic productivity due to a disability-state—that is, 
income loss associated with lower IQ levels. Although a decrease in IQ may not necessarily 
constitute a disability, “anything that reduces individuals’ employment and earning capacity, 
even if not associated with overt disability, has an adverse economic impact on overall societal 
productivity”63. This is particularly pertinent for population-level pseudo-disability-states, such as 
decreased IQ. The body of literature examining IQ loss from a human capital approach is 
extensive, although the IQ-earnings relationship remains complex and open to expert 
interpretation. Several notable studies and systematic reviews have estimated between 0.5% 
and 3% higher lifetime earnings per IQ point gained63–67 . A recent review by Zhou and Grosse 
estimated the IQ-earnings relationship to be between 1.3% and 2.2% higher lifetime earnings 
per IQ point gained, as revised based on critiques and limitations of prior studies63.   
Cognitive ability affects “school performance, educational attainment, and success in the labor 
market, and hence is positively associated with earnings”61. When quantifying potential benefits 
associated with Pb-hazard control, avoided loss of lifetime earnings is typically among the most 
substantial benefits24,57,61,62,68–70. Childhood Pb exposures therefore have economic implications 
arising from decreased cognitive function and subsequently lower lifetime earnings potential. 
The conceptual relationship between private well-associated lead exposures, health impacts, 
and economic impacts is summarized in Figure 1.  
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1.5. Overview of blood lead level modeling, population intervention models and 
prior research 
To estimate the health and economic benefits of connecting private wells to community water 
supplies, the expected change in BLLs must first be predicted, as this is an upstream health 
impact. The USEPA’s Integrated Exposure Uptake Biokinetic (IEUBK) Model for Lead in 
Children is a commonly used BLL modeling approach that focuses on the prediction of early 
childhood (<7 years old) BLLs. The IEUBK model represents the human body as compartments 
and mathematically models ADME processes throughout the compartments, thereby 
representing Pb circulation and fate within the body. It was originally developed in the late 
1980s and 1990s for risk assessment at Superfund sites and relies on the well-understood 
ADME processes of Pb. The software can be run using site-specific values (e.g. known Pb-
concentrations in environmental media, exposure frequencies, etc.) or run using default values. 
Inputs to the IEUBK model are considered single, time-averaged point estimates; model outputs 
include the mean predicted BLL for the population of children who experience those inputs and 
the probability that a hypothetical child would exceed a user-defined BLL (e.g. >5μg/dL) under a 
given exposure scenario71,72. The IEUBK model can also be used to predict the relative effect on 
BLLs given a change in an exposure medium. The IEUBK model cannot be used to predict the 
BLL of a single child experiencing a specific exposure scenario73. The IEUBK is also known to 
overpredict BLLs74–76.  
An alternative approach—one based on health surveillance data and measured BLLs rather 
than pharmacokinetic modeling—could be considered for estimating childhood BLLs. A 
population intervention model (PIM) may be one such method. PIMs are causal inference 
models that can estimate the change in an outcome of interest when a risk factor for the 
outcome is uniformly moved to a lower risk state via an intervention48,77,78 PIMs have been used 
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to estimate the impact of interventions related to depression in low-income women in Mexico78 
and acute gastrointestinal illness (AGI) in private well owners in North Carolina48.  
This research is built on the implementation of a PIM to evaluate the downstream benefits 
associated with switching children from unregulated private wells to regulated community water 
supplies. In this case, the outcome of interest is a child’s BLL, the risk factor is the child’s water 
source, and the intervention is moving the child from higher-risk private wells to lower-risk 
community water supplies. The downstream benefits examined in this analysis focus on the 
avoided costs of IQ loss and lifetime earnings loss associated with Pb exposures. Outputs from 
the PIM are used in conjunction with published literature to estimate the IQ loss avoided and the 
economic benefits associated with extending community water supplies to a cohort of Wake 
County children on private well water. 
The role of private wells in mediating children’s BLLs is an emerging area of research20, and the 
benefits associated with interventions to minimize this specific exposure pathway are largely 
undefined.  
This research has four primary objectives:  
1. Implement a population intervention model (PIM) to predict the blood lead levels (BLLs) 
of children under status quo (i.e. well water) and counterfactual (i.e. community water) 
scenarios, 
2. Compare the PIM performance to an existing BLL modeling method, 
3. Estimate the health and economic benefits of extending community water supplies to 
private well households with children, whereby benefits relate to IQ and lifetime 
earnings, and 





The methods follow three key steps: 
1. Health Impact Assessment (objectives 1-2):  
a. Use the PIM to predict the change in BLLs expected for a cohort of Wake County 
children by switching them from private wells to community water supplies 
b. Compare the predictions of the PIM to those from the IEUBK model 
2. Health Benefit Assessment (objective 3): Estimate the avoided IQ loss associated with 
the change in BLLs from the PIM in Step 1a; conduct a scenario analysis to test the 
sensitivity of results to the selection of dose-response relationship 
3. Economic Benefit Assessment (objective 3): Estimate the avoided lifetime earnings loss 
associated with the avoided IQ loss from Step 2 
A model was constructed in Analytica (Windows v.5.1)79 to probabilistically evaluate each of the 
three key steps, with statistical distributions around the model parameters to propagate 
variability and uncertainty. A visual summary of the flow of data through the model is provided in 




2.1. Health impact assessment: prediction of blood lead levels 
BLL predictions were developed based on prior research by MacDonald Gibson, et al.; full 
database and model development is described elsewhere20 and briefly described herein. 
MacDonald Gibson et al. developed a database of Wake County children that included blood-Pb 
surveillance data and factors known to be associated with blood-Pb. The North Carolina 
Childhood Lead Poisoning Prevention Program provided blood-Pb surveillance data for children 
screened in Wake County between 2002 and 2017. The database also includes publicly 
available sociodemographic data and residential parcel data for Wake County children. 
Individual blood-Pb surveillance data were merged at the address-level with residential property 
parcel data to obtain information on household water source (private well or community system), 
home age, home value, and other attributes of each child’s residence. Sociodemographic data 
1a) PIM to predict 
ΔBLLs associated 
with intervention 
2) ΔBLLs to 
estimate ΔIQ 
1b) Comparison of 
PIM against IEUBK 
3) ΔIQ to estimate 
ΔEarnings  
3) ΔIQ to estimate 
ΔEarnings  
Health Benefit: 
Avoided IQ Loss 
Economic Benefit:  
Avoided Lifetime  
Earnings Loss 
Health Impact:  
Change in BLL under 




Figure 2: Summary of major methods steps.  
PIM- population intervention model; BLL- blood lead level; IEUBK- USEPA’s Integrated Exposure 
Uptake Biokinetic model; IQ-intelligence quotient, a measure of cognitive function.  
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were obtained at the U.S. Census block group level and were assigned to individual 
observations. After data cleaning, MacDonald Gibson et al. obtained 59,483 records 
corresponding to 41,871 unique addresses in Wake County. The authors fit a multi-level Tobit 
regression model to the data, which accommodates the left-censored data and allows the 
prediction of log-transformed blood lead levels. The final regression form is given by:  
Eq. 1  𝑙𝑛(𝐵𝐿𝐿)𝑖 =  𝛼 +  𝛽1𝐶𝑤𝑒𝑙𝑙,𝑖 +  𝛽2𝐶𝑚𝑎𝑙𝑒,𝑖 +  𝛽3𝐶𝑣𝑎𝑙𝑢𝑒,𝑖 + 𝛽4𝐶𝐸𝑇𝐽,𝑖 + 𝛽5𝐶𝑦𝑒𝑎𝑟,𝑖 + 𝛽6𝐶𝑎𝑟𝑒𝑎,𝑖 +  𝛽7𝐶𝑑𝑟𝑎𝑤,𝑖 +
𝛽
8
𝑃𝑜𝑝𝐵𝑙𝑎𝑐𝑘,𝑗 + 𝛽9𝑃𝑜𝑝𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐,𝑗 𝛽10𝑃𝑜𝑝𝑖𝑛𝑐𝑜𝑚𝑒,𝑗 + 𝛽11𝐶𝑎𝑔𝑒,𝑖 +  𝛽12𝐶𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛,𝑖  
Where,  
ln(𝐵𝐿𝐿)𝑖 is the natural log of the blood lead level for child i 
𝛼 is the regression constant 
𝐶𝑤𝑒𝑙𝑙,𝑖 is the water source for child i 
  𝐶𝑚𝑎𝑙𝑒,𝑖 is the gender of child i  
  𝐶𝑣𝑎𝑙𝑢𝑒,𝑖 is the natural log of the home value of child i’s residence 
𝐶𝐸𝑇𝐽,𝑖 is whether child i was born in an extraterritorial jurisdiction
1  
𝐶𝑦𝑒𝑎𝑟,𝑖 is the natural log of the blood draw year for child i 
  𝐶𝑎𝑟𝑒𝑎,𝑖 is the area of the home of child i, in square feet 
𝐶𝑑𝑟𝑎𝑤,𝑖 is the blood draw type for child i  
𝑃𝑜𝑝𝐵𝑙𝑎𝑐𝑘,𝑗 is the population proportion identifying as African American in block 
group j 
𝑃𝑜𝑝𝐻𝑖𝑠𝑝𝑎𝑛𝑖𝑐,𝑗 is the population proportion identifying as Hispanic in block group j 
𝑃𝑜𝑝𝑖𝑛𝑐𝑜𝑚𝑒,𝑗 is the natural log of the median household income in block group j 
𝐶𝑎𝑔𝑒,𝑖 is the age of child i, in months, at the time of the blood draw  
𝐶𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛,𝑖 is the year the home of child i was built 
The exponentiated regression coefficients from MacDonald Gibson et al. were log-transformed 
and recorded as normal distributions in Analytica. The transformed regression coefficients and 
standard errors are provided in Table 1. 
  
 
1 Extraterritorial jurisdictions (ETJs) are unincorporated areas near city limits without access to typical municipal services, such as 
water infrastructure, sewer infrastructure, garbage removal, sidewalks, or streetlights. ETJs are prevalent in Wake County and can 
be entirely surrounded by incorporated areas.  
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Table 1: Inputs for population intervention model predicting the natural log of blood lead levels 
for children in the modeled cohort 
Regression 
parameter  
Parameter description Parameter distribution 
(μ, SE) 
α Regression constant (11.92, 0.39) 
𝜷𝟏 Water Source (reference category: 
community water)2 
 
 Private well  (0.181, 0.022) 
𝜷𝟐 Gender (reference category: female)  
 Male (0.044, 0.011) 
𝜷𝟑  Home value (natural log) (-0.258, 0.019)  
𝜷𝟒 Birth Location (reference category: not born 
in ETJ) 
 
 Born in ETJ (0.084, 0.033) 
𝜷𝟓  Blood draw year (natural log, Year-2002) (-2.701, 0.035) 
𝜷𝟔  Home area (ft
2) (1E-05, 1E-06) 
𝜷𝟕 Blood draw type (reference category: 
venous) 
 
 Capillary (0.091, 0.026) 
𝜷𝟖  African American population proportion (0.256, 0.051) 
𝜷𝟗  Hispanic population proportion (-0.053, 0.114) 
𝜷𝟏𝟎  Median household income (-0.104, 0.034) 
𝜷𝟏𝟏  Child age  
(reference category: 0-9 months) 
 
 10-15 months (0.129, 0.077) 
 16-20 months (0.341, 0.08) 
 21-30 months (0.306, 0.078) 
 31+ months (0.302, 0.081) 
𝜷𝟏𝟐  Year of home construction  
(reference category: before 1950) 
 
 1950-1977 (-0.25, 0.043) 
 1978-1987 (-0.37, 0.044) 
 1988-1997 (-0.415, 0.044) 
 1998-2002 (-0.482, 0.045) 
 2003-2007 (-0.427, 0.046) 
 2008 and later (-0.48, 0.058) 
All model parameters developed by MacDonald Gibson et al., 2020;  
μ – mean, SE – standard error, ETJ – extraterritorial jurisdiction 
A cohort of Wake County children who rely on private wells and participated in blood-Pb 
screening was selected for inclusion in a modeled cohort. The modeled cohort eligibility criteria 
are presented in Table 2.  
 
2 The β1 parameter (water source) is the critical variable in the regression model and can be broadly interpreted as: exp(β1) = 1.20. 
That is, BLLs among children on private wells are 20% higher than children on community water supplies 
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Table 2: Inclusion criteria for modeled cohort 
 Inclusion Criteria Exclusion Criteria 
Household water source Private Well Community Water 
Age at time of blood draw 0 – 6 years old > 6 years old 
Blood draw year 2017 Other year 
Missing data status Data missing for < 3 variables 
Data missing for > 3 
variables 
The most recent test year available was 2017, which was selected to generate the most up-to-
date results. We chose the 0-6 age range to capture all relevant database records identified in 
the 2017 test year and based on the CDC’s testing criteria and definitions of at-risk 
populations10,80. If the child had data missing for three or more variables, the child was excluded 
from the modeled cohort. If a child’s data was missing for fewer than three variables, then the 
missing data were replaced with median cohort value for that variable. The final modeled cohort 
included 633 children, eight of which had missing values replaced with medians. Descriptive 
statistics of selected characteristics for the modeled cohort are provided in Table 3.  
Table 3: Selected descriptive statistics for modeled cohort 
Cohort characteristic  Value(s) 
Cohort Size (n=) 633 
Proportion male 48.3% 
Average age at blood draw (min, 
max) 
16 months (0 months, 63 months) 
Geometric mean measured blood 
lead level† (min, max) 
1.08 μg/dL (1 μg/dL, 13 μg/dL) 
†Measured blood lead levels are left-censored due to surveillance reporting limits—minimum reported blood lead 
level is 1μg/dL 
Relevant data were extracted for each child in the modeled cohort. These data were used in the 
model to predict individual-level ln(BLL) under two scenarios:  




2. a counterfactual scenario, in which the private well variable was set to zero—that is, the 
child was theoretically switched to a regulated community water system 
Individual BLLs were obtained by exponentiating the results.  
2.2.  Comparison of the population intervention model to an existing blood lead 
modeling approach  
A key distinction this study provides is the use of a PIM rather than a pharmacokinetic model to 
predict BLLs. Pharmacokinetic modeling, such as the IEUBK model, has been used in other 
economic evaluations to estimate downstream benefits associated with a change in BLLs24. In 
this study, the IEUBK model (Windows v1.1, Build 11)81 was used to broadly gauge our PIM’s 
performance against widely accepted approaches for modeling BLLs. The environmental media, 
exposure frequencies, and biokinetic inputs were left as default in the IEUBK model, except for 
the water-Pb concentration. The IEUBK model was run similarly to the PIM, with a status quo 
scenario and a counterfactual scenario. In the status quo scenario, the water-Pb concentration 
was input as 8.2 ppb (the mean Wake County private well water concentration estimated by 
Stillo et al.) and the counterfactual scenario had a water-Pb input of 2.8 ppb (the mean 
concentration in Wake County Tier-1 houses estimated by Stillo et al.)26  
Given that the IEUBK model can overpredict baseline BLLs74–76, the relative change between 
status quo BLLs and counterfactual BLLs was used as a standard measure of performance 
between the two BLL modeling approaches. The general percent change formula was applied to 




Eq. 2  𝑷𝒆𝒓𝒄𝒆𝒏𝒕 𝑪𝒉𝒂𝒏𝒈𝒆 =  
𝑩𝑳𝑳𝒄𝒐𝒖𝒏𝒕𝒆𝒓𝒇𝒂𝒄𝒕𝒖𝒂𝒍 − 𝑩𝑳𝑳𝒔𝒕𝒂𝒕𝒖𝒔 𝒒𝒖𝒐
𝑩𝑳𝑳𝒔𝒕𝒂𝒕𝒖𝒔 𝒒𝒖𝒐
 𝒙 𝟏𝟎𝟎 
Where:  
𝐵𝐿𝐿𝑠𝑡𝑎𝑡𝑢𝑠 𝑞𝑢𝑜 is the BLL predicted under the status quo scenario for any given 
model, and 
𝐵𝐿𝐿𝑐𝑜𝑢𝑛𝑡𝑒𝑟𝑓𝑎𝑐𝑡𝑢𝑎𝑙 is the BLL predicted under the counterfactual scenario for any 
given model 
Having performed a basic comparison of the PIM’s performance against an accepted 
pharmacokinetic modeling approach, we proceeded with our PIM’s health impact output (i.e. 
BLL reduction estimates) in calculating downstream benefits.  
2.3. Health benefit assessment: estimation of avoided IQ loss 
IQ loss associated with Pb exposure from private well water was estimated under the status quo 
scenario and the counterfactual scenario by integrating the previously predicted BLLs from 
Section 2.1 with a BMD study by Budtz-Jørgensen et al. In the BMD study, the relationship 
between BLLs and IQ loss was developed from seven international prospective cohort studies 
(n=1,333 children)60. Given the uncertainty of the effects of Pb at low levels, a scenario analysis 
was conducted using two separate dose-response models estimated in the prior BMD study: a 
logarithmic model and a piecewise linear model, with general forms: 
Eq. 3  𝒇(𝒅) =  𝜷 ∗ 𝒍𝒏(𝒅 + 𝜸) 
Where:    
𝑓(𝑑) is the IQ point loss at dose d,  
𝑑 is the concurrent BLL in μg/dL,  
𝛽 is the effect parameter, and  
𝛾 is a free parameter 
Eq. 4  𝒇(𝒅) =  𝜷𝒅 
Where:  
𝑓(𝑑) is the IQ point loss at dose d,  
𝑑 is the concurrent BLL in μg/dL, and 
𝛽 is the effect parameter 
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Of the tested dose-response models, Budtz-Jørgensen found a logarithmic relationship where 
γ=0.806 was the best-fitting model; however, this optimal curve fit the data “only marginally 
better than the curve with γ=1”. To avoid spurious negative effects at very low BLLs (i.e. dose 
<0.194μg/dL), the logarithmic relationship where γ=1 was selected. A piecewise linear 
relationship with a breakpoint at 7.5μg/dL was also used to test the robustness of this project’s 
results with respect to the selection of dose-response relationships. To use the selected 
relationships from Budtz-Jørgensen while accounting for uncertainty in parameter estimates, we 
estimated3 the mean effect parameters and standard errors from data provided by the authors. 
These parameters were represented as normally distributed in Analytica. The estimated 
parameters are provided in Table 4 and a modified version of the selected low-level dose-
response relationships with probability bounds (derived from Budtz-Jørgensen et al.) is 
presented in Figure 3.  
Table 4: Calculated effect parameters for selected dose-response functions 
Dose-Response Relationship 
Estimated Mean 







(breakpoint at 7.5μg/dL) 
0.607 0.211 
All model parameters developed by Budtz-Jørgensen et al, 2012  
  
 
3 Mean effect parameters were estimated using the general dose-response equation forms, the authors’ BMDs, and benchmark 





Figure 3: Two low-level dose-response relationships (logarithmic and piecewise linear) with 
calculated 95% probability bounds.  
IQ loss increases with increasing blood lead levels; predicted IQ loss associated with a given 
blood lead level is dependent on the form of the selected dose-response function, which has 
implications for downstream benefits estimations. Modified from Budtz-Jørgensen et al., 2012.  
The difference between IQ points lost under the status quo scenario and counterfactual 
scenario are the IQ points maintained—that is, avoided IQ loss attributable to the intervention. 
Avoided IQ loss was modeled for each child in Analytica using both of the selected dose-
response functions (Eq. 5).  
Eq. 5  𝜟𝑰𝑸𝒊 = 𝒇(𝒅𝒊,𝒘𝒆𝒍𝒍) −  𝒇(𝒅𝒊,𝒄𝒐𝒎𝒎𝒖𝒏𝒊𝒕𝒚)  
Where: 
𝛥𝐼𝑄𝑖 is the avoided IQ loss for child i, given the counterfactual scenario 
𝑑𝑖,𝑤𝑒𝑙𝑙 is the predicted BLL under the status quo scenario for child i,  
𝑑𝑖,𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑡𝑦is the predicted BLL under the counterfactual scenario for child i, and 



































2.4. Economic benefit assessment: estimation of avoided earnings loss 
Grosse et al.61 previously developed a human capital framework for the quantification of 
economic benefits associated with improved BLLs in the United States. The authors calculated 
the expected increase in worker productivity related to improved IQ, which was estimated from 
NHANES BLL data (cycle years 1976-1999) and economic literature. This framework was 
adapted for use in our study context and is given by:  
Eq. 6  ∆𝑬𝒊 =  ∆𝑰𝑸𝒊 × (
∆𝑬
𝑬
∆𝑰𝑸⁄ )× 𝑬 
Where:  
∆𝐸𝑖 is the change in expected earnings for child i associated with moving from 
private wells to community water supplies,  
𝛥𝐼𝑄𝑖 is the avoided IQ loss for child i associated with moving from a private well to 




∆𝐼𝑄⁄ ) is the percent change in earnings per IQ point, and 
𝐸 is the discounted lifetime earnings for any given child in the cohort 
A recently updated IQ-earnings relationship from Zhou and Grosse estimated between 1.3% 
and 2.2% higher lifetime earnings per IQ point63. This range was recorded as a uniform 
distribution in the Analytica model. Present value lifetime productivity values were obtained from 
the literature82 and inflated to our study year—estimated between $1.21M and $1.50M ($2017), 
under annual real earnings growth rates of 0.5% and 1%, respectively. This range was also 
recorded as a uniform distribution in Analytica. Given recent deviations from the historical 1% 
real earnings growth rate82,83, we felt it was appropriate to incorporate a range of present value 
lifetime earnings to address uncertainty in future earnings growth rates. The present value 
lifetime earnings were gender-averaged, included both non-market labor productivity and real 
earnings, and assumed a standard social discount rate of 3%. We incorporated non-market 
productivity in addition to real earnings based on economic evaluation recommendations from 
the Second U.S. Panel on Cost-effectiveness in Health and Medicine82,84.  
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The modeled cohort only represents children who underwent blood-Pb testing in 2017 and were 
successfully matched in the database. Therefore, the modeled cohort only represents a small 
portion of the true population of Wake County children who rely on private wells. The expected 
change in lifetime earnings was summed for all children in the modeled cohort and was 
extrapolated to the broader 2017 cohort of Wake County children (<6 years) on private wells. 
The full 2017 Wake County cohort was estimated based on 2017 well-reliance prevalence 
(13.9%) from the database developed by MacDonald Gibson et al. and the total number of 
children <6 years in Wake County in 2017 (n=79,210)85, for an estimated total cohort of 11,010 
children.  
The model inputs for the economic benefit component of the analysis are provided in Table 5. 
Other potential benefits, such as avoided environmental investigations, chelation therapy, 
special education interventions, etc. were not estimated due to the low predicted BLLs (see 
Results section).  
Table 5: Inputs for economic benefit estimation 
Full Wake County cohort 
size (n=)* 
Change in earnings per IQ 
point† 
Present Value Lifetime 
Earnings ($2017)† 







3.1.  Health impact assessment: prediction of blood lead levels 
The PIM predicted the GM BLL for the modeled cohort was approximately 0.31 μg/dL under the 
status quo scenario and 0.26 μg/dL under the counterfactual scenario, a change of about 0.05 
μg/dL. Cumulative distributions of BLLs predicted under the status quo and counterfactual 
scenarios are presented in Figure 4.  
 
Figure 4: Cumulative distributions of blood lead levels predicted under the status quo scenario 
(private wells) and the counterfactual scenario (community water system) for the modeled 
cohort of Wake County children.  
The y-axis represents the probability that the blood lead level variable takes on a value less 








































3.2. Comparison of the population intervention model to an existing blood lead 
level modeling approach  
The IEUBK model predicted BLLs would decrease by 13.3% when moving from the 
approximate water-Pb concentrations of private wells to the water-Pb concentrations of 
community water supplies. The PIM predicted BLLs would decrease by approximately 16.5% 
(95%CI: 12.8%, 20.1%) under the same intervention.  
3.3. Health benefit and economic benefit estimations: avoided IQ loss and avoided 
earnings loss  
Using predicted BLL outputs from the PIM in conjunction with the BMD study by Budtz-
Jørgensen, the median avoided IQ loss for a child in the modeled cohort was 0.13 points under 
the logarithmic relationship (95%CI: 0.04, 0.31), and 0.03 points under the piecewise linear 
relationship (95%CI: 0.01, 0.12). 
The total economic benefit of providing regulated community water to the full 2017 Wake 
County cohort ranged from a present value of $8.0M (95%CI: $1.5M, $33.1M) under the 
piecewise linear dose-response relationship to $33.9M (95%CI: $10.8M, $86.2M) under the 
logarithmic dose-response relationship. The corresponding median benefit per child is 
approximately $700 under the piecewise linear dose-response function and $3100 under the 
logarithmic dose-response function, although individual benefits could be expected to range 
from approximately $100 to $7800 per child when considering the extreme bounds of both 




Table 6: Summary of health and economic benefits associated with switching Wake County 
children from private well water to community water supplies under a scenario analysis using 
two different dose-response models 
4. Discussion 
4.1. Considerations for public policy and future research 
We predicted that connection to community water supplies would decrease children’s BLLs by 
16.5%. Depending on the dose-response relationship used, the improved BLLs would yield a 
per-child benefit ranging from $700 to $3100. 
The predicted BLLs were lower than the observed BLLs in the health surveillance database 
(refer to Table 3). This is because the observed data have a detection limit of 1 μg/dL—that is, 
children with BLLs <1 μg/dL are recorded as having BLLs equal to 1 μg/dL. Thus, the observed 
data are left-censored. The Tobit regression model corrects for this left censoring and will 
therefore yield lower estimates than the observed data. The predicted BLLs in this study are 
generally in accordance with a prior Wake County study that had more sensitive detection 
limits74. Komandur et al. found a GM BLL of 0.34 μg/dL (n=22) in a Wake County cohort with 
similar attributes74, suggesting the Tobit regression model appropriately accounts for left-
censoring.  
Dose-response 
relationship used in 
IQ loss analysis 
Avoided IQ loss per 
child (95% CI) 
Present value 
benefit†* per child 
(95% CI) 
Total present value 
benefit† for 2017 
Wake County 



















†Benefits reported in $2017 
*Benefits rounded to nearest hundred dollar where applicable 
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The PIM-predicted BLLs were low under both the status quo and counterfactual scenarios; 
however, even low-level Pb exposure is a causal risk factor for adverse cognitive effects11,21. 
Although the exact dose-response relationship between BLL and IQ is not known, evidence 
suggests the relationship is non-linear, with the steepest IQ losses occurring at the lowest 
BLLs6,58,60. Thus, improvements on the margins of BLLs could produce population benefits. 
Indeed, Muenning stated that “differences in IQ associated with low to moderate levels of lead 
exposure are generally small and may be difficult to detect” although “when aggregated across 
millions of individuals, even small differences in IQ can make a major impact”62. Similarly, the 
American Academy of Pediatrics stated that “focusing efforts on children who have [elevated 
blood lead concentrations] (>5μg/dL) is efficient but will fail to preserve the majority of lost IQ 
points in US children”11. In fact, 80% of Pb-associated IQ points lost among US children occur 
among children without elevated BLLs11. Given that medical interventions do not currently exist 
to reverse the effects of blood-Pb at low levels, interventions to prevent any childhood Pb-
exposure are critical and could yield population benefits.  
The range of estimated economic benefits—half an order of magnitude between the two best 
estimates and nearly two orders of magnitude between the extrema—reflects uncertainty in the 
shape of the dose-response function of low BLLs and IQ loss. Although there is uncertainty in 
the exact form and parameterization, there is strong evidence that a linear relationship is likely 
too conservative at very low BLLs given the well-established supralinear relationship of BLLs 
and IQ loss. This uncertainty yields substantial discrepancies in benefits estimations, which 
impacts conclusions that can be drawn from any economic evaluation that attempts to quantify 
the benefits of interventions to mitigate low BLLs. This is a data gap that should be resolved 
given American children’s rapidly decreasing BLLs and continued efforts to decrease GM BLLs 
even further.  
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Even when considering the maximum benefit of the least conservative scenario (i.e. upper 
95th% bound associated with the logarithmic dose-response relationship), it is unlikely the 
benefits associated with connection to community water would outweigh the costs of the 
intervention. The cost of extending community water services are highly site-specific and 
depend on factors such as zoning, distance to existing water infrastructure, and housing 
density, among many other factors. Prior graduate work conducted at the University of North 
Carolina at Chapel Hill estimated connecting Wake County private well households to 
community water supplies had a present value cost-per-household ranging from $14,500 to 
$44,000 ($2017)86–89. These studies primarily investigated the costs of connecting extraterritorial 
jurisdiction (ETJ) neighborhood households to community water supplies. Such study areas 
likely represent lower-bound costs for an infrastructure-based intervention in Wake County, 
given that the study households were already near existing infrastructure and were in relatively 
densely populated neighborhoods. Even when considering a scenario with best-case benefits 
and best-case costs, it would still require two children per household to obtain positive net 
benefits. Under the median estimated benefits and median estimated costs, it would require 
nine children per household under the logarithmic dose-response relationship and 38 children 
per household under the piecewise linear relationship. It is therefore reasonable to conclude 
connection to community water service is likely not a cost-effective intervention to minimize 
childhood Pb exposure, particularly when other interventions—including potentially lower cost 
interventions, such as water filters—are available.  
Although we have not conducted a full CBA, this intervention would likely not pass a strict CBA 
perspective given that benefits are likely less than costs; however, we have only considered 
IQ/earnings, child populations, and Pb exposures in the benefits analysis. There may be other 
benefits associated with minimized Pb exposures in children, such as reduced cases of 
attention deficit-spectrum disorders, reduced special education, or reduced juvenile 
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delinquency7,57. Adult population benefits could feasibly relate to reduced hypertension, 
cardiovascular disease, or all-cause mortality2,4,8. Such outcomes are difficult to quantify and 
monetize given the current literature and BLLs but could be considered in a full CBA or cost-
effectiveness analysis (CEA) in the future. The quantification of non-Pb-related benefits 
associated with connection to community water supplies has been investigated by other 
researchers, including reduced cases of acute gastrointestinal illness (AGI), improved water 
security, and reduced coping costs related to well maintenance or poor well performance47,48,90. 
Although it was outside the scope of this research, integrating our identified benefits with others’ 
could demonstrate monetized intervention benefits that yield more favorable results when using 
a CBA perspective. Connection to municipal water may also have quality of life benefits that are 
more difficult to quantify and may not lend themselves to CBA perspectives90.  
Connection to municipal water, although costly, may provide additional advantages over other 
interventions to mitigate Pb-exposures from private well water. Connection to regulated water 
supplies is considered a non-behavioral intervention, given that households no longer need to 
perform maintenance or testing on their own water supplies after the connection occurs—these 
costs and actions are then undertaken by the municipality under their regulatory requirements. 
Other potential interventions, such as filter systems, are considered behavioral interventions 
because they require the household to properly use, maintain, and replace filter components in 
accordance with the manufacturer. Such interventions would also require households to 
continue testing and treating their own water and continue incurring costs associated with all 
aspects of their water supply, given their lack of regulatory protections. Although the long-term 
efficacy and costs of field-tested filter systems are still being evaluated, these may be some 
future considerations for decision-makers and individuals when choosing interventions to 
support the health of private well households. The full scope of consumer coping costs, 
population growth/movement, capital improvements costs, and operations and maintenance 
29 
 
costs should be evaluated in future research to determine cost-effectiveness of various 
interventions to support private well households.  
Connection to community water supplies may also have environmental justice benefits. 
Previous research has documented racial disparities associated with access to regulated water 
infrastructure in the American South26,45,91,92. In Wake County specifically, MacDonald Gibson et 
al. found increasing odds of exclusion from community water supplies as the proportion of Black 
residents increased. This could create a disproportionate burden of exposure to water-Pb 
among predominantly Black communities. Given the role of cognitive ability on educational 
attainment93, and in turn, the role of educational attainment on lifetime earnings94, exclusion 
from municipal services and subsequent Pb-exposure from well water could be a largely 
unexplored pathway for the perpetuation of racial and socioeconomic inequities. Thus, 
connection to consistent, regulated water supplies may be a step forward in addressing 
decades of inequities and could provide health, socioeconomic, and quality of life benefits for 
historically marginalized communities. 
Many economic evaluations have quantified the holistic costs of childhood lead exposure57,61,62, 
although few evaluations have examined the costs of Pb exposure arising from drinking water 
specifically. When drinking water is specifically evaluated, the focus primarily remains on lead 
service line replacement or other hazard controls for community water system users24. One 
study found that lead service line replacement was associated with a productivity benefit of 
$1800 to $5600 per child, depending on the assumptions for the initial water-Pb 
concentrations24. Another study evaluated two Pb drinking water interventions and found a 
benefit of approximately $2000 to $4000 per child for Pb-bearing fixture/solder replacement and 
an additional $2000 to $4000 benefit for lead service line replacement95. Despite the difference 
in population setting and intervention types, these evaluations yielded benefits estimates similar 
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to our study’s estimates. To our knowledge, our study is the first benefits estimate conducted for 
the population of private well households specifically.  
Furthermore, many Pb economic evaluations do not capture the rapid progress made in 
decreasing GM BLLs in the United States and may not reflect the costs of low BLLs. Muenning 
conducted an economic evaluation of a scenario in which no child in the United States 
exceeded a BLL of 1 μg/dL and found benefits on the order of trillions of dollars62. Given recent 
progress in decreasing GM BLLs, this appears to be an achievable goal; however, achieving it 
will take concerted efforts on the margins of already low BLLs. This will include identifying and 
remedying largely overlooked exposure pathways, such as private well water. That is, private 
wells could present a persistent contribution of Pb to population GM BLLs if no interventions are 
undertaken. Thus, additional research is required to identify where resources might be 
effectively allocated in mitigating previously unexplored Pb-exposure pathways such that these 
considerable population benefits can be realized. 
This research could be used in future public policy analyses to inform infrastructure decision-
making and/or public-health decision-making. It could be used as a benefits input in a CBA/CEA 
when fully evaluating the connection of private well households to community water, in 
conjunction with the range of other expected health and economic benefits (e.g. reduced cases 
of AGI, improved water security, reduced well ownership costs etc.). It could also be used as a 
comparator for evaluating several hazard control options to support private well households in 
minimizing their Pb-exposures (e.g. connection to community water, flushing protocols, filters, 
well water treatment systems, supplementary bottled water, etc.).   
4.2. Performance of the population intervention model in blood lead level 
modeling 
As previously described, the IEUBK model is frequently used in BLL modeling, although this 
methodology requires a baseline understanding of prevailing environmental conditions. We 
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found a different modeling approach, a PIM, yielded similar results with respect to the predicted 
relative change in BLLs arising from the same intervention—the IEUBK model predicted BLLs 
would decrease by 13.3% and the PIM predicted a decrease of 16.5%. The point estimate for 
the relative change generated by the IEUBK model was within the 95% confidence interval for 
the relative change generated by our PIM. Given that the two methodologies arrived at similar 
relative results despite different underlying mechanisms (i.e. pharmacokinetics vs. 
sociodemographic/built environment characteristics), this suggests our PIM generally performs 
in accordance with widely accepted BLL modeling methods. The smaller relative change 
generated by the IEUBK model is likely due to our use of water-Pb concentrations from Tier-1 
(i.e. higher Pb-risk) households in the counterfactual scenario—typical community water system 
POU samples would likely have lower water-Pb concentrations, yielding larger relative changes 
between the status quo and counterfactual BLLs.  
Although this PIM and the estimated downstream benefits are tailored to Wake County and are 
not necessarily generalizable to different populations, it could provide a framework of methods 
for BLL modeling and benefits estimations with more readily available surveillance, census and 
parcel data rather than the resource-intensive environmental sampling required to develop 
population-specific inputs for IEUBK modeling. Prior research by Schultz et al. has similarly 
demonstrated validated sociodemographic/built environment methods for modeling BLLs, 
although water sources (i.e. private wells) were not considered96. Our PIM reaffirms the concept 
that non-pharmacokinetic methods can be appropriate for BLL modeling and it additionally 
illustrates the important role private wells have on mediating American children’s BLLs.  
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4.3. Limitations  
This project is primarily an integration of existing research and thus draws on the strengths and 
limitations of the underlying studies, the way we have chosen to assemble their data, and what 
we have chosen to omit in this project.  
The underlying PIM was developed from sociodemographic and built environment data rather 
than directly from water-Pb concentrations; however, the relationship between water source and 
BLLs developed by MacDonald Gibson et al. was highly statistically significant (p<0.001) when 
controlling for other covariates known to be associated with BLLs. The BLL surveillance data 
used to build the underlying regression model by MacDonald Gibson et al. is not a random draw 
from the population of Wake County children and there may be some level of selection bias. 
Children in the North Carolina Lead Prevention Surveillance Program are “more likely to be 
economically disadvantaged or otherwise ‘at risk’ for lead exposure”97. This type of bias may 
affect the extrapolation of modeled individual benefits to the broader Wake County cohort; 
however, 45.6% of Wake County children aged 12-24 months were tested in 201798, suggesting 
reasonable testing penetrance for targeted age groups in the county. 
The BMD study that underpins the IQ loss estimations relies on older data sets, which may not 
reflect the relationship of BLLs and IQ at levels currently observed in the United States’ 
population. In general, predicting the health effects expected at “the lowest measurable levels is 
difficult”60, which introduces uncertainty in the final results, as previously described. 
Furthermore, low predicted BLLs generally precludes the quantification of other benefits 
associated with Pb-control (e.g. avoided environmental investigation costs, avoided attention 
deficit-spectrum treatment, etc.), as the evidence base does not appear to be sufficiently 
developed to extrapolate these costs to very low BLLs. Therefore, this study could be 
considered conservative since it only quantifies a single benefit of minimized Pb, although the 
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known spectrum of benefits is wide. It may also be conservative given potential outlier cases 
that were not captured in this modeling exercise. For example, Pieper et al. documented cases 
of children on private well water in Macon County, NC in which previously unexplained elevated 
BLLs (5.6μg/dL to 10.5μg/dL) were eventually traced to the household’s private well; the 
children’s BLLs decreased after well water Pb-control measures were employed39. Such 
extreme cases likely exist in Wake County, NC and their connection to community water 
supplies would yield substantial benefits.  
Our modeling assumptions and inputs will influence the final results. For instance, we obtained 
present value lifetime earnings estimates under wage growth conditions ranging from 0.5% to 
1%, although the period from 2004-2016 saw average annual wage growth between 0.3% and 
0.5%83. Future productivity may be outside of our chosen bounds. Given the magnitude of 
expected lifetime earnings, small changes in growth rates can create substantial differences in 
monetized benefits. We also chose a modeled cohort of children ranging from 0 to 6 years old, 
although most BLL testing occurs in children between the ages of 1-2 years and the present 
value lifetime earnings were based on children <2 years old. Cohort inclusion criteria and age 





This research used a population intervention model to predict the change in blood lead levels 
expected under an intervention to mitigate lead exposures arising from private well water. Our 
evaluated public health intervention involved simulating the effect of moving a cohort of Wake 
County, NC children from unregulated private well water to regulated community water supplies. 
We used the results of the population intervention model to estimate expected health and 
economic benefits of the intervention. Based on our results, we anticipate connection to 
community water supplies will likely be unfavorable from a cost-benefit perspective when only 
considering IQ loss and lifetime earnings associated with lead exposure; however, there are 
numerous other intervention benefits that were not considered in this analysis, including other 
health effects associated with lead exposure, reduced cases of acute gastrointestinal illness, 
and improved water security. Therefore, this research could be used as an input for a broader 
economic evaluation of the intervention. Our expected benefits might also be used as a 
comparator to evaluate several public health interventions available for mitigating lead 
exposures from private well water.  
Our research indicates that the uncertainty of low-level dose-response relationships inhibits 
drawing robust conclusions about the benefits of interventions to mitigate already low blood lead 
levels. Future epidemiologic and risk assessment research should address this data gap. This 
thesis has demonstrated that non-pharmacokinetic-based modeling could be a useful tool in 
policy design and decision-making related to childhood lead. We additionally identified that 
modest improvements on the margins of already low blood lead levels could be expected to 





1. Lewis, R. & Kosnett, M. Metals. in Current Diagnosis & Treatment: Occupational & 
Environmental Medicine (eds. LaDou, J. & Harrison, R.) (McGraw-Hill Education, 2014). 
2. American Conference of Governmental Industrial Hygienists. BEI: Lead and inorganic 
compounds. 1–16 (2017). 
3. ATSDR. Toxicological Profile for Lead (Draft for Public Comment). ATSDR’s Toxicol. 
Profiles 1–561 (2019). doi:10.1201/9781420061888_ch106 
4. Lanphear, B. P., Rauch, S., Auinger, P., Allen, R. W. & Hornung, R. W. Low-level lead 
exposure and mortality in US adults: a population-based cohort study. Lancet Public 
Heal. 3, e177–e184 (2018). 
5. Canfield, R. L. et al. Intellectual impairment in children with blood lead concentrations 
below 10 μg per deciliter. N. Engl. J. Med. 348, 1517–1526 (2003). 
6. Lanphear, B. P. et al. Low-level environmental lead exposure and children’s intellectual 
function: An international pooled analysis. Environ. Health Perspect. 113, 894–899 
(2005). 
7. National Toxicology Program. Monograph on the health effects of low-level lead. NTP 
Monogr. (2012). 
8. Zheutlin, A. R. et al. Low-level cumulative lead and resistant hypertension: A prospective 
study of men participating in the veterans affairs normative aging study. J. Am. Heart 
Assoc. 7, 1–8 (2018). 
9. Almeida Lopes, A. C. B. De et al. Association between blood lead and blood pressure: A 
population-based study in Brazilian adults. Environ. Heal. A Glob. Access Sci. Source 16, 
1–10 (2017). 
10. Centers for Disease Control and Prevention. At-Risk Populations. Childhood Lead 
Poisoning Prevention (2019). Available at: 
https://www.cdc.gov/nceh/lead/prevention/populations.htm?CDC_AA_refVal=https%3A%
2F%2Fwww.cdc.gov%2Fnceh%2Flead%2Ftips%2Fpopulations.htm. (Accessed: 28th 
November 2019) 
11. American Academy of Pediatrics Council on Environmental Health. Prevention of 
Childhood Lead Toxicity. Pediatrics 138, (2016). 
12. Sampson, R. J. & Winter, A. S. Poisoned Development: Assessing Childhood Lead 
Exposure As a Cause of Crime in a Birth Cohort Followed Through Adolescence. 
Criminology 56, 269–301 (2018). 
13. Winter, A. S. & Sampson, R. J. From lead exposure in early childhood to adolescent 
health: A chicago birth cohort. Am. J. Public Health 107, 1496–1501 (2017). 
14. Kordas, K. et al. Deficits in cognitive function and achievement in Mexican first-graders 
with low blood lead concentrations. Environ. Res. 100, 371–386 (2006). 
15. Gilbert, S.G., Weiss, B. A rationale for lowering the blood lead action level from 10 to 2 
μg/dL. Neurotoxicology 27, 693–701 (2006). 
36 
 
16. Wheeler, W., Brown, M. J. Blood Lead Levels in Children Aged <5 Years - United States, 
2007-2013. Morb. Mortal. Wkly. Rep. 62, 245–248 (2013). 
17. Centers for Disease Control and Prevention. Blood Lead Levels in Children. (2019). 
Available at: https://www.cdc.gov/nceh/lead/prevention/blood-lead-levels.htm.  
18. Tsoi, M. F., Cheung, C. L., Cheung, T. T. & Cheung, B. M. Y. Continual Decrease in 
Blood Lead Level in Americans: United States National Health Nutrition and Examination 
Survey 1999-2014. Am. J. Med. 129, 1213–1218 (2016). 
19. Jones, R. L. et al. Trends in blood lead levels and blood lead testing among US children 
aged 1 to 5 years, 1988 2004. Pediatrics 123, (2009). 
20. MacDonald Gibson, J., Fisher, M., Clonch, A., Macdonald, J. M. & Philip, J. Children 
Drinking Private Well Water Have Higher Blood Lead Than Those with City Water. Proc. 
Natl. Acad. Sci. U. S. A. 1–22 
21. Centers for Disease Control and Prevention. Low Level Lead Exposure Harms Children: 
A Renewed Call for Primary Prevention. (2012). 
22. United States Environmental Protection Agency. Basic Information about Lead in Drinking 
Water. (2019). Available at: https://www.epa.gov/ground-water-and-drinking-water/basic-
information-about-lead-drinking-water.  
23. Hanna-Attisha, M., LaChance, J., Sadler, R. C. & Schnepp, A. C. Elevated blood lead 
levels in children associated with the flint drinking water crisis: A spatial analysis of risk 
and public health response. Am. J. Public Health 106, 283–290 (2016). 
24. Health Impact Project. 10 Policies to Prevent and Respond to Childhood Lead Exposure: 
A report from the Health Impact Project. (2017). 
25. Levin, R. et al. Lead exposures in U.S. children, 2008: Implications for prevention. 
Environ. Health Perspect. 116, 1285–1293 (2008). 
26. Stillo, F. & Gibson, J. M. Racial disparities in access to municipal water supplies in the 
American south : Impacts on children’s health. 10, 309–323 (2018). 
27. Triantafyllidou, S. & Edwards, M. Lead (Pb) in tap water and in blood: Implications for 
lead exposure in the United States. Crit. Rev. Environ. Sci. Technol. 42, 1297–1352 
(2012). 
28. Centers for Disease Control and Prevention. Lead in drinking water and human blood 
lead levels in the United States. Morb. Mortal. Wkly. Rep. 61, 1–9 (2012). 
29. Pieper, K. J., Kriss, R., Tang, M., Edwards, M. A. & Katner, A. Understanding lead in 
water and avoidance strategies: A United States perspective for informed decision-
making. J. Water Health 17, 540–555 (2019). 
30. U.S. Environmental Protection Agency. Use of Lead Free Pipes, Fittings, Fixtures, Solder 
and Flux for Drinking Water. Groundwater and Drinking Water Available at: 
https://www.epa.gov/sdwa/use-lead-free-pipes-fittings-fixtures-solder-and-flux-drinking-
water.  
31. U.S. Environmental Protection Agency. Lead and Copper Rule. Drinking Water 




32. Dieter, C. A. et al. Estimated use of water in the United States in 2015. U.S. Geol. Surv. 
Circ. 1441 65 (2018). doi:10.3133/cir1441 
33. Pieper, K. J., Krometis, L. A. H., Gallagher, D. L., Benham, B. L. & Edwards, M. Incidence 
of waterborne lead in private drinking water systems in Virginia. J. Water Health 13, 897–
908 (2015). 
34. Malecki, K. M. C., Schultz, A. A., Severtson, D. J., Anderson, H. A. & VanDerslice, J. A. 
Private-well stewardship among a general population based sample of private well-
owners. Sci. Total Environ. 601–602, 1533–1543 (2017). 
35. Kreutzwiser, R. et al. Understanding stewardship behaviour: Factors facilitating and 
constraining private water well stewardship. J. Environ. Manage. 92, 1104–1114 (2011). 
36. Fizer, C., Bruine de Bruin, W., Stillo, F. & MacDonald Gibson, J. Barriers to managing 
private wells and septic systems in underserved communities: Mental models of 
homeowner decision making. J. Environ. Health 81, 8–15 (2018). 
37. Chappells, H. et al. Understanding the translation of scientific knowledge about arsenic 
risk exposure among private well water users in Nova Scotia. Sci. Total Environ. 505, 
1259–1273 (2015). 
38. Colley, S. K., Kane, P. K. M. & MacDonald Gibson, J. Risk communication and factors 
influencing private well testing behavior: A systematic scoping review. Int. J. Environ. 
Res. Public Health 16, (2019). 
39. Pieper, K. J. et al. Elevated Lead in Water of Private Wells Poses Health Risks: Case 
Study in Macon County, North Carolina. Environ. Sci. Technol. 52, 4350–4357 (2018). 
40. Pieper, K. J., Krometis, L. A., Gallagher, D., Benham, B. & Edwards, M. Profiling Private 
Water Systems to Identify Patterns of Waterborne Lead Exposure. Environ. Sci. Technol. 
49, 12697–12704 (2015). 
41. Swistock, B. R., Clemens, S., Sharpe, W. E. & Rummel, S. Water quality and 
management of private drinking water wells in Pennsylvania. J. Environ. Health 75, 60–
66 (2013). 
42. Hill, C. Overview of Internal Corrosion Impacts in Drinking Water Distribution Systems. in 
Internal Corrosion Control in Water Distribution Systems (2011). 
43. U.S. Environmental Protection Agency. Drinking Water Requirements for States and 
Public Water Systems: Lead and Copper Rule. (2019). 
44. Stillo, F. & Gibson, J. M. Exposure to contaminated drinking water and health disparities 
in North Carolina. Am. J. Public Health 107, 180–185 (2017). 
45. MacDonald Gibson, J., DeFelice, N., Sebastian, D. & Leker, H. Racial Disparities in 
Access to Community Water Supply Service in Wake County, North Carolina. Am. J. 
Public Health 104, e45–e45 (2014). 
46. MacDonald Gibson, J., Fisher, M., MacDonald, M., Cook, P. J. Private Well Water 
Increases the Risk of Elevated Blood Pb in Children: A 15-Year Retrospective Analysis 
for Wake County, North Carolina. (2019). 
47. Defelice, N. B., Johnston, J. E. & Gibson, J. M. Acute Gastrointestinal Illness Risks in 




48. Defelice, N. B., Johnston, J. E. & Gibson, J. M. Reducing emergency department visits 
for acute gastrointestinal illnesses in north Carolina (USA) by extending community water 
service. Environ. Health Perspect. 124, 1583–1591 (2016). 
49. Téllez-Rojo, M. M. et al. Longitudinal associations between blood lead concentrations 
lower than 10 μg/dL and neurobehavioral development in environmentally exposed 
children in Mexico City. Pediatrics 118, (2006). 
50. Reuben, A. et al. Association of childhood blood lead levels with cognitive function and 
socioeconomic status at age 38 years and with IQ change and socioeconomic mobility 
between childhood and adulthood. JAMA - J. Am. Med. Assoc. 317, 1244–1251 (2017). 
51. Bellinger, D. C., Stiles, K. M. & Needleman, H. L. Low-Level Lead Exposure, Intelligence 
and Academic Study Achievement: A Long-term Follow-up Study. Pediatrics 90, 855–861 
(1992). 
52. Sternberg, R. J. & Wagner, R. K. The g-ocentric View of Intelligence and Job 
Performance Is Wrong. Curr. Dir. Psychol. Sci. 2, 1–10 (1993). 
53. Stanovich, K. E. What intelligence tests miss: the psychology of rational thought. (Yale 
University Press, 2009). 
54. Sternberg, R. J. Successful intelligence: A model for testing intelligence beyond IQ tests. 
Eur. J. Educ. Psychol. 8, 76–84 (2015). 
55. Weinberg, R. A. Intelligence and IQ: Landmark issues and great debates. Am. Psychol. 
44, 98–104 (1989). 
56. Gottfredson, L. S. Why g matters: The complexity of everyday life. Intelligence 24 1 
SPEC., 79–132 (1997). 
57. Gould, E. Childhood lead poisoning: Conservative estimates of the social and economic 
benefits of lead hazard control. Environ. Health Perspect. 117, 1162–1167 (2009). 
58. Hornung, R. W. & Lanphear, B. P. The supralinear dose-response for environmental 
toxicants: A statistical artifact? Clin. Toxicol. 52, 88–90 (2014). 
59. Carlisle, J. C., Dowling, K. C., Siegel, D. M. & Alexeeff, G. V. A blood lead benchmark for 
assessing risks from childhood lead exposure. J. Environ. Sci. Heal. - Part A 
Toxic/Hazardous Subst. Environ. Eng. 44, 1200–1208 (2009). 
60. Budtz-Jørgensen, E. et al. An international pooled analysis for obtaining a benchmark 
dose for environmental lead exposure in children. Risk Anal. 33, 450–461 (2013). 
61. Grosse, S. D., Matte, T. D., Schwartz, J. & Jackson, R. J. Economic gains resulting from 
the reduction in children’s exposure to lead in the United States. Environ. Health 
Perspect. 110, 563–569 (2002). 
62. Muennig, P. The Social Costs of Childhood Lead Exposure in the Post–Lead Regulation 
Era. Arch Pediatr Adolesc Med. 163, 844–849 (2009). 
63. Zhou, Y. & Grosse, S. D. Valuing the Benefits of Reducing Childhood Lead Exposure — 
Human Capital, Parental Preferences, or Both? 1–19 
64. Salkever, D. S. Updated estimates of earnings benefits from reduced exposure of 
39 
 
children to environmental lead. 1–6 (1995). 
65. Schwartz, J. Societal benefits of reducing lead exposure. Environ. Res. 66, 105–124 
(1994). 
66. Monahan, M. et al. Costs and benefits of iodine supplementation for pregnant women in a 
mildly to moderately iodine-deficient population: A modelling analysis. Lancet Diabetes 
Endocrinol. 3, 715–722 (2015). 
67. Salkever, D. S. Assessing the IQ-earnings link in environmental lead impacts on children: 
Have hazard effects been overstated? Environ. Res. 131, 219–230 (2014). 
68. Swinburn, T. Costs of Lead Exposure and Remediation in Michigan: Update. 34 (2016). 
69. Trasande, L. & Liu, Y. Reducing the staggering costs of environmental disease in 
children, estimated at $76.6 billion in 2008. Health Aff. 30, 863–870 (2011). 
70. Nevin, R., Jacobs, D. E., Berg, M. & Cohen, J. Monetary benefits of preventing childhood 
lead poisoning with lead-safe window replacement. Environ. Res. 106, 410–419 (2008). 
71. U.S. Environmental Protection Agency. User’s Guide for the Integrated Exposure Uptake 
Biokinetic Model for Lead in Children (IEUBK) Windows®. 1–59 (2007). 
72. U.S. Environmental Protection Agency. Proposed Modeling Approaches for a Health- 
Based Benchmark for Lead in Drinking Water. (2017). 
73. U.S. Environmental Protection Agency. Short sheet: overview of the IEUBK model for 
lead in children. (2002). 
74. Komandur, A. Determining the Relationship Between Drinking Private Well Water and 
Children’s Blood Lead Levels. 23, (University of North Carolina at Chapel Hill, 2019). 
75. Biesiada, M. & Hubicki, L. Blood lead levels in children: Epidemiology vs. simulations. 
Eur. J. Epidemiol. 15, 485–491 (1999). 
76. Cornelis, C., Berghmans, P., Van Sprundel, M. & Van Der Auwera, J. C. Use of the 
IEUBK model for determination of exposure routes in view of site remediation. Hum. Ecol. 
Risk Assess. 12, 963–982 (2006). 
77. Hubbard, A. E. & Van Der Laan, M. J. Population intervention models in causal inference. 
Biometrika 95, 35–47 (2008). 
78. Fleischer, N. L., Fernald, L. C. & Hubbard, A. E. Depressive symptoms in low-income 
women in rural Mexico. Epidemiology 18, 678–685 (2007). 
79. Lumina Decision Systems. Analytica v.5.1. (2018). 
80. Centers for Disease Control and Prevention. Standard Surveillance Definitions and 




81. U.S. Environmental Protection Agency. IEUBK v.1.1. Build 11. (2009). 
82. Grosse, S. D., Krueger, K. V. & Pike, J. Estimated annual and lifetime labor productivity in 




83. Larg, A. & Moss, J. R. Cost-of-illness studies: A guide to critical evaluation. 
Pharmacoeconomics 29, 653–671 (2011). 
84. Sanders, G. D. et al. Recommendations for conduct, methodological practices, and 
reporting of cost-effectiveness analyses: Second panel on cost-effectiveness in health 
and medicine. JAMA - J. Am. Med. Assoc. 316, 1093–1103 (2016). 
85. United States Census Bureau. American FactFinder: Wake County. Available at: 
https://factfinder.census.gov/.  
86. Du, Y. Providing Quality Drinking Water in Carp Road Community in Wake County, NC. 
(2015). 
87. Benavides, B. M. Potable water alternatives for extraterritorial jurisdiction community in 
Wake County, North Carolina. (2016). 
88. Liang, Y. Improving Drinking Water Quality in a Wake County, North Carolina, 
Neighborhood. (2015). 
89. Dew, H. B. Cost-benefit analysis of options for improving drinking water quality in an 
extraterritorial jurisdiction census block of Raleigh, North Carolina. (2015). 
90. Lockhart, S. Resident perspectives on the impacts of scarcity of private well water at 
Irongate Drive, Apex, NC. (University of North Carolina at Chapel Hill, 2019). 
91. Aiken, C. S. Race as a Factor in Municipal Underbounding. Ann. Assoc. Am. Geogr. 77, 
564–579 (1987). 
92. Leker, H. G. & Gibson, J. M. D. Relationship between race and community water and 
sewer service in North Carolina, USA. PLoS One 13, 1–19 (2018). 
93. Peet, E. D. et al. Early childhood development and schooling attainment: Longitudinal 
evidence from British, Finnish and Philippine Birth Cohorts. PLoS One 10, (2015). 
94. Social Security Administration. Education and Lifetime Earnings. Research, Statistics, & 
Policy Analysis (2015). Available at: https://www.ssa.gov/policy/docs/research-
summaries/education-earnings.html.  
95. Minnesota Department of Health Environmental Health. Lead in Minnesota Water: 
Assessment of Eliminating Lead in Minnesota Drinking Water. (2019). 
96. Schultz, B. D., Morara, M., Buxton, B. E. & Weintraub, M. Predicting Blood-Lead Levels 
Among U.S. Children at the Census Tract Level. Environ. Justice 10, 129–136 (2017). 
97. Shadbegian, R., Guignet, D., Klemick, H. & Bui, L. Early childhood lead exposure and the 
persistence of educational consequences into adolescence. Environ. Res. 178, (2019). 
98. North Carolina Public Health. North Carolina Childhood Blood Lead Surveillance Data for 
2017. (2018). 
 
